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At least 40 different transposable-element families 
are represented by young, recently active elements 
in the pufferfish Takifugu rubripes (formerly known 
as Fugu rubripes), despite its genome being among 
the smallest in vertebrates. But even the most com-
mon type, the LINE element Maui, is present in only 
6,400 copies32. In the second pufferfish to be sequenced, 
Tetraodon nigroviridis, only 4,000 transposable-
element copies are found in total — but this still 
represents 73 different types of element33. Genomes 
that have a higher proportion of DNA transposons, 
such as in Drosophila melanogaster and Arabidopsis 
thaliana, contain elements of more recent origin that 
are derived from more families than in mammals16; 

this is explained by the fact that DNA transposons 
tend to be more short-lived and to spread by hori-
zontal transfer. The genome of D. melanogaster, for 
example, contains about 130 different transposable-
element families (including 25 non-LTR and 28 LTR 
families), all of which are younger than 20 million 
years (Myr) REF. 34.

There is therefore convincing evidence that many 
smaller genomes contain a surprisingly high diversity 
of transposable-element families. It also now seems 
that the diversity of lineages within individual trans-
posable-element families might be higher in some 
smaller genomes. In mammals, the abundant LINE1 
elements tend to be represented by a single lineage, 

Box 3 | The main components of eukaryotic genomes

Protein-coding genes
Although most prokaryotic chromosomes consist almost entirely of protein-coding genes86, such elements 
make up a small fraction of most eukaryotic genomes (see figure). As a prime example, the human genome 
might contain as few as 20,000 genes, comprising less than 1.5% of the total genome sequence16,82.

Introns
Shortly after their discovery, the non-coding intervening sequences within coding genes (introns) were suggested to 
account for the pronounced discrepancy between gene number and genome size7. It has also recently been suggested 
that most non-coding DNA in animals (but not plants) is intronic, which would imply that most of the genome is 
transcribed even though protein-coding regions represent a tiny minority107,108. At the very least, introns were found 
to account for more than a quarter of the draft human sequence16. Over a broad taxonomic scale, intron size and 
genome size are positively correlated109, although within genera a correlation might (for example, Drosophila110) or 
might not (for example, Gossypium111) be observed.

Pseudogenes
Non-functional copies of coding genes, the original meaning of the term ‘junk DNA’, were once thought to explain 
variation in genome size4. However, it is now apparent that even in combination, ‘classical pseudogenes’ (direct 
DNA to DNA duplicates), ‘processed pseudogenes’ (copies that are reverse transcribed back into the genome from 
RNA and therefore lack introns) and ‘Numts’ (nuclear pseudogenes of mitochondrial origin) comprise a relatively 
small portion of mammalian genomes. The human genome is estimated to contain about 19,000 pseudogenes46.

Transposable elements
In eukaryotes, transposable elements are divided into two general classes according to their mode of transposition. 
Class I elements transpose through an RNA intermediate. This class comprises long interspersed nuclear elements 
(LINEs), endogenous retroviruses, short interspersed nuclear elements (SINEs) and long terminal repeat (LTR) 
retrotransposons. Class II elements transpose directly from DNA to DNA, and include DNA transposons and 
miniature inverted repeat transposable elements (MITEs).

Transposable elements (and especially their extinct remnants) make up a large portion of the human genome, with 
some elements (for example, the SINE Alu element) present in more than a million copies. Transposable-element 
evolution involves complex interactions with the host genome and other subgenomic elements, ranging from 
parasitism to mutualism. For a review of transposable-element structure, origins, impacts and evolution see REF. 17.

The figure provides a 
summary of the different 
components of the human 
genome. Less than 1.5% of 
the genome consists of the 
suspected 20,000–25,000 
protein-coding sequences. 
By contrast, a large 
majority is made up of 
non-coding sequences such 
as introns (almost 26%) 
and (mostly defunct) 
transposable elements 
(nearly 45%). Data are 
taken from REF. 16.
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Genomic	
  variaAon	
  

•  Single	
  nucleoAde	
  polymorphisms	
  (SNPs)	
  
•  InserAons/deleAons	
  
•  Copy	
  number	
  variaAons	
  (large)	
  
•  Variable	
  (short)	
  number	
  tandem	
  repeats	
  



Single	
  nucleoAde	
  polymorphisms	
  (SNPs)	
  
A	
  single	
  nucleoAde	
  (A,T,C,G)	
  DNA	
  sequence	
  alteraAon	
  
…	
  ACGGCTAA	
  …	
  
…	
  ATGGCTAA	
  …	
  
	
  
C	
  and	
  T	
  are	
  the	
  alleles	
  	
  
for	
  this	
  posiAon	
  
	
  
DNA	
  is	
  double	
  stranded	
  
•  “C”	
  or	
  “T”	
  on	
  red	
  strand	
  
•  “G”	
  or	
  “A”	
  on	
  green	
  strand	
  



•  Occur	
  in	
  at	
  least	
  1%	
  of	
  the	
  populaAon	
  
•  Most	
  common	
  kind	
  of	
  human	
  geneAc	
  
variaAon	
  

•  10-­‐30	
  million	
  SNPs	
  in	
  the	
  human	
  genome	
  
•  Occur	
  every	
  100-­‐300	
  bases	
  along	
  the	
  3-­‐billion-­‐
base	
  human	
  genome	
  

•  EvoluAonary	
  stable	
  

Single	
  nucleoAde	
  polymorphisms	
  (SNPs)	
  



•  Non-­‐coding	
  region	
  
•  Coding	
  region	
  

– Synonymous	
  
– Nonsynonymous	
  

exon1	
   intron1	
   exon2	
  

Gene	
  A	
  

Single	
  nucleoAde	
  polymorphisms	
  (SNPs)	
  



SNPs	
  in	
  Coding	
  Regions	
  –	
  	
  
Synonymous:	
  No	
  Changes	
  in	
  Protein	
  

DNA	
  SNP	
  C	
  to	
  G	
  

RNA	
  Codon	
  
CUG	
  to	
  CUC	
  

Protein	
  	
  
Leucine	
  to	
  Leucine	
  

No	
  change	
  in	
  shape	
  

Leucine	
   Leucine	
  

mRNA	
  
G	
  A	
  C	
  

C	
  U	
  G	
   C	
  U	
  C	
  

CUG	
   CUC	
  

G	
  A	
  G	
  

R



SNPs	
  in	
  Coding	
  Regions	
  –	
  	
  
Nonsynonymous:	
  Changes	
  in	
  Protein	
  

DNA	
  SNP	
  A	
  to	
  C	
  

RNA	
  Codon	
  
GAU	
  to	
  GAG	
  

Protein	
  	
  
AsparGc	
  acid	
  	
  

to	
  Glutamic	
  acid	
  

Slight	
  	
  change	
  in	
  shape	
  

AsparGc	
  acid	
   Glutamic	
  acid	
  

mRNA	
  
C	
  T	
  A	
  

G	
  A	
  U	
   G	
  A	
  G	
  

GAU	
   GAG	
  

C	
  T	
  C	
  

R



dbSNP	
  database	
  
•  rs	
  numbers	
  
•  chromosome	
  and	
  posiAons	
  
•  Strand	
  orientaAon	
  



Ensembl	
  database	
  



GENOTYPES	
  



5’...GGCCTGAGT...3’ (+)
3’...CCGGACTCA...5’ (-)Copy 1:

5’...GGCCCGAGT...3’ (+)
3’...CCGGGCTCA...5’ (-)Copy 2:

(C;T) C;T
C,TCT

(T;C)T;C T,C (T,C)

TC

Genotype for rs17822931 on plus strand:

rs17822931(C;T) rs17822931(T;C)

One copy of rs17822931 from the father and one copy from the mother

(G;A) G;A
C,TGA

(A;G)A;G A,G (A,G)

AG

Genotype for rs17822931 on minus strand:

rs17822931(G;A) rs17822931(A;G)



5’...TCCCCTGGG...GGCCTGAGT...TGCATGTGA... 3’ (+)
3’...AGGGGACCC...CCGGACTCA...ACGTACACT... 5’ (-)Copy 1:

5’...TCCCCTGGG...GGCCCGAGT...TGCAAGTGA... 3’ (+)
3’...AGGGGACCC...CCGGGCTCA...ACGTTCACT... 5’ (-)Copy 2:

rs4788084
dbSNP orientation: minus

rs17822931
dbSNP orientation: plus

rs73546424
dbSNP orientation: plus

genotype on “plus strand”

genotype on “minus strand”

genotype on “dbSNP strand”

exercise

rs4788084 rs17822931 rs73546424



HOMOZYGOTES	
  AND	
  
HETEROZYGOTES	
  







GENOTYPING	
  



•  Microarray	
  technique	
  
•  0.3	
  –	
  4.3	
  million	
  SNPs	
  
	
  

SNP	
  arrays	
  



Genomic	
  enlightenment	
  
Medicinsk	
  Museion	
  



•  Different	
  parts	
  of	
  the	
  genome	
  can	
  be	
  sequenced:	
  
² Whole	
  genome	
  
² Exome	
  
² Targeted	
  	
  

•  Different	
  methods	
  for	
  different	
  pla`orms	
  
•  Is	
  increasing	
  in	
  popularity	
  due	
  to	
  increasingly	
  
lower	
  costs	
  

Next	
  GeneraAon	
  Sequencing	
  

	
  



PHENOTYPES	
  





GENOME-­‐WIDE	
  ASSOCIATION	
  
STUDIES	
  (GWAS)	
  

ConnecAng	
  genotypes	
  and	
  phenotypes:	
  



Monogenic	
  and	
  polygenic	
  traits	
  
•  Some	
  traits	
  are	
  determined	
  by	
  a	
  single	
  gene,	
  
where	
  a	
  one	
  mutaAon	
  can	
  cause	
  a	
  disease	
  
– O=en	
  called	
  Mendelian	
  diseases	
  
–  Examples	
  are	
  HunAngton’s	
  disease	
  and	
  sickle	
  cell	
  
anemia	
  

•  Most	
  common	
  traits	
  and	
  diseases	
  are	
  caused	
  by	
  a	
  
large	
  number	
  of	
  genes	
  
– O=en	
  called	
  complex	
  traits/diseases	
  
–  Examples	
  are	
  human	
  height,	
  obesity,	
  type	
  2	
  diabetes	
  
and	
  cardiovascular	
  disease	
  

•  GWAS	
  studies	
  usually	
  focus	
  on	
  complex	
  
polygenic	
  traits	
  



GWAS	
  

AssociaAon	
  of	
  common	
  variants	
  (SNPs)	
  across	
  
the	
  whole	
  genome	
  with	
  a	
  parAcular	
  phenotype	
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THE UNVEILING OF THE HUMAN GENOME ALMOST 7 YEARS AGO 
cast the first faint light on our complete genetic makeup. Since then, each
new genome sequenced and each new individual studied has illuminated
our genomic landscape in ever more detail. In 2007, researchers came to
appreciate the extent to which our genomes differ from person to person
and the implications of this variation for deciphering the genetics of com-
plex diseases and personal traits.  

Less than a year ago, the big news was triangulating variation
between us and our primate cousins to get a better handle on genetic
changes along the evolutionary tree that led to humans. Now, we have
moved from asking what in our DNA makes us human to striving to
know what in my DNA makes me me. 

Techniques that scan for hun-
dreds of thousands of genetic dif-
ferences at once are linking par-
ticular variations to particular
traits and diseases in ways not
possible before. Efforts to catalog
and assess the effects of inser-
tions and deletions in our DNA

are showing that these changes are more common than expected and
play important roles in how our genomes work—or don’t work. By
looking at variations in genes for hair and skin color and in the
“speech” gene, we have also gained a better sense of how we are sim-
ilar to and different from Neandertals.

Already, the genomes of several individuals have been sequenced,
and rapid improvements in sequencing technologies are making the
sequencing of “me” a real possibility. The potential to discover what
contributes to red hair, freckles, pudginess, or a love of chocolate—
let alone quantifying one’s genetic risk for cancer, asthma, or dia-
betes—is both exhilarating and terrifying. It comes not only with
great promise for improving health through personalized medicine
and understanding our individuality but also with risks for discrimi-
nation and loss of privacy (see sidebar, p. 1843).

Turning on the flood lamps 

Even with most of the 3 billion DNA bases lined up in the right
order, there was still much that researchers couldn’t see in the newly
sequenced human genome in 2001. Early comparative studies
threw conserved regulatory regions, RNA genes, and other features
into relief, bringing meaning to much of our genome, including the

98% that lies outside protein-coding regions. These and other stud-
ies, including a pilot study called ENCODE, completed this year,
drove home how complex the genome is. 

There are an estimated 15 million places along our genomes where
one base can differ from one person or population to the next. By mid-
2007, more than 3 million such locations, known as single-nucleotide
polymorphisms (SNPs), had been charted. Called the HapMap, this cat-
alog has made the use of SNPs to track down genes involved in complex
diseases—so-called genome-wide association studies—a reality. More
than a dozen such studies were published this year.

Traditionally, geneticists have hunted down genes by tracking the
inheritance of a genetic disease through large families or by searching for
suspected problematic genes among patients. Genome-wide association
studies go much further. They compare the distribution of SNPs—using
arrays that can examine some 500,000 SNPs at a time—in hundreds or
even thousands of people with and without a particular disease. By tally-
ing which SNPs co-occur with symptoms, researchers can determine
how much increased risk is associated with each SNP. 

In the past, such links have been hard-won, and most have vanished
on further study. This year, however, researchers linked variants of more
than 50 genes to increased risk for a dozen diseases. Almost all the vari-
ants exert relatively small effects, in concert with many other genetic
factors and environmental conditions, and in many cases the variant’s
real role has not yet been pinned down. But the sheer numbers of people
studied have made even skeptics hopeful that some of these genetic risk
factors will prove real and will help reveal underlying causes. 

The Wellcome Trust, the U.K.’s largest biomedical charity, began to
put its weight behind genome-wide association studies in 2005 and
recruited 200 researchers to analyze the DNA of 17,000 people from
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For an expanded version of this

section, with references and links,
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Equipped with faster, cheaper technologies for sequencing

DNA and assessing variation in genomes on scales ranging

from one to millions of bases, researchers are finding out

how truly different we are from one another

Human Genetic
Variation

Reference

Inversion

Deletion

Insertion

Copy number variation

What makes us unique. Changes in
the number and order of genes (A–D)
add variety to the human genome. 
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Example	
  of	
  GWAS	
  results	
  (BMI)	
  
Manhadan	
  plot	
  displays	
  all	
  SNPs	
  on	
  x-­‐axis	
  (ordered	
  by	
  chromosome)	
  

and	
  –log10	
  of	
  p-­‐values	
  on	
  y-­‐axis	
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As could be expected, the effect sizes of the 18 newly discovered loci 
are slightly smaller, for a given minor allele frequency, than those of 
the previously identified variants (Table 1 and Fig. 1c). The increased 
sample size used here also brought out more signals with low minor 
allele frequency. The BMI-increasing allele frequencies for the 18 
newly identified variants ranged from 4% to 87%, covering more of 
the allele frequency spectrum than previous, smaller GWAS of BMI 
(24%–83%)9,10 (Table 1 and Fig. 1c).

We tested for evidence of non-additive (dominant or recessive) 
effects, SNP × SNP interaction effects and heterogeneity by sex or 
study among the 32 BMI-associated SNPs (Online Methods). We 
found no evidence for any such effects (all P > 0.001 and no significant 
results were seen after correcting for multiple testing) (Supplementary 
Table 1 and Supplementary Note).

Impact of the 32 confirmed loci on BMI, obesity, body size 
and other metabolic traits
Together, the 32 confirmed BMI loci explained 1.45% of the inter-
individual variation in BMI in the stage 2 samples, with the FTO 
SNP accounting for the largest proportion of the variance (0.34%) 
(Table 1). To estimate the cumulative effect of the 32 variants on BMI, 
we constructed a genetic susceptibility score that summed the number 
of BMI-increasing alleles weighted by the overall stage 2 effect sizes in 
the Atherosclerosis Risk in Communities (ARIC) study (n = 8,120), 
one of our largest population-based studies (Online Methods). For 
each unit increase in the genetic-susceptibility score, which is approxi-
mately equivalent to having one additional risk allele, BMI increased 
by 0.17 kg/m2, the equivalent of a 435–551 g gain in body weight in 
adults of 160–180 cm in height. The difference in average BMI between 
individuals with a high genetic-susceptibility score (defined as having 

38 BMI-increasing alleles, comprising 1.5% (n = 124) of the ARIC 
sample) and those with a low genetic-susceptibility score (defined 
as having 21 BMI-increasing alleles, comprising 2.2% (n = 175) of 

the ARIC sample) was 2.73 kg/m2, equivalent to a 6.99–8.85 kg body 
weight difference in adults of 160–180 cm in height (Fig. 2a). Still, 
we note that the predictive value for obesity risk and BMI of the 32 
variants combined was modest, although it was statistically significant 
(Fig. 2b and Supplementary Fig. 4). The area under the receiver-
operating characteristic (ROC) curve for prediction of risk of obesity 
(BMI  30 kg/m2) using a model including age, age2 and sex only was 
0.515 (P = 0.023 compared to the area under the curve (AUC) of 0.50), 
which increased to 0.575 (P < 10−5) when the 32 confirmed SNPs were 
also included in the model (Fig. 2b). The area under the ROC curve 
for the model including the 32 SNPs only was 0.574 (P < 10−5).

All 32 confirmed BMI-increasing alleles showed directionally 
consistent effects on the risk of being overweight (BMI  25 kg/m2) 
or obese (BMI  30 kg/m2) in the stage 2 samples, with 30 of 32 
variants achieving at least nominally significant associations. The 
BMI-increasing alleles increased the odds of being overweight by 
1.013- to 1.138-fold and the odds of being obese by 1.016- to 1.203-
fold (Supplementary Table 2). In addition, 30 of the 32 loci also 
showed directionally consistent effects on the risk of extreme and 
early-onset obesity in a meta-analysis of seven case-control studies of 
adults and children (binomial sign test P = 1.3 × 10−7) (Supplementary 
Table 3). The BMI-increasing allele observed in adults also increased 
the BMI in children and adolescents with directionally consistent 
effects observed for 23 of the 32 SNPs (binomial sign test P = 0.01). 
Furthermore, in family-based studies, the BMI-increasing allele was 
over-transmitted to the obese offspring for 24 of the 32 SNPs (bino-
mial sign test P = 0.004) (Supplementary Table 3). As these studies 
in extreme obesity cases, children and families were relatively small 
(with n ranging from 354 to 15,251 individuals) compared to the 
overall meta-analyses, their power was likely insufficient to confirm 
association for all 32 loci. Nevertheless, these results show that the 
effects are unlikely to reflect population stratification and that they 
extend to BMI differences throughout the life course.

Figure 1 Genome-wide association results for 
the BMI meta-analysis. (a) Manhattan plot 
showing the significance of association between 
all SNPs and BMI in the stage 1 meta-analysis, 
highlighting SNPs previously reported to show 
genome-wide significant association with BMI 
(blue), weight or waist circumference (green) 
and the 18 new regions described here (red). 
The 19 SNPs that reached genome-wide 
significance in stage 1 (13 previously reported 
and 6 new SNPs) are listed in Table 1.  
(b) Quantile-quantile plot of SNPs in the stage 1  
meta-analysis (black) and after removing any 
SNPs within 1 Mb of the ten previously reported 
genome-wide significant hits for BMI (blue), 
after additionally excluding SNPs from the 
four loci for waist or weight (green), and after 
excluding SNPs from all 32 confirmed  
loci (red). The plot is abridged at the y axis 
(at P < 10−20) to better visualize the excess of 
small P values after excluding the 32 confirmed 
loci (Supplementary Fig. 3 shows the full-scale 
quantile-quantile plot). The shaded region is the 
95% concentration band. (c) Plot of effect size 
(in inverse-normally transformed units (invBMI)) 
versus effect-allele frequency of newly identified 
and previously identified BMI variants after 
stage 1 and stage 2 meta-analysis, including the 
10 previously identified BMI loci (blue), the 4 previously identified waist and weight loci (green) and the 18 newly identified BMI loci (blue). The dotted 
lines represent the minimum effect sizes that could be identified for a given effect-allele frequency with 80% (upper line), 50% (middle line) and 10% 
(lower line) power, assuming a sample size of 123,000 individuals and an  level of 5 × 10−8.
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Obesity is globally prevalent and highly heritable, but its underlying genetic factors remain largely elusive. To identify genetic loci 
for obesity susceptibility, we examined associations between body mass index and ~2.8 million SNPs in up to 123,865 individuals 
with targeted follow up of 42 SNPs in up to 125,931 additional individuals. We confirmed 14 known obesity susceptibility loci 
and identified 18 new loci associated with body mass index (P < 5 × 10−8), one of which includes a copy number variant near 
GPRC5B. Some loci (at MC4R, POMC, SH2B1 and BDNF) map near key hypothalamic regulators of energy balance, and one of 
these loci is near GIPR, an incretin receptor. Furthermore, genes in other newly associated loci may provide new insights into 
human body weight regulation.

19 loci associated with BMI at P < 5 × 10−8 (Table 1, Fig. 1a and 
Supplementary Table 1). These 19 loci included all ten loci from 
previous GWAS of BMI6–10, two loci previously associated with body 
weight10 (at FAIM2 and SEC16B) and one locus previously associated 
with waist circumference14 (near TFAP2B). The remaining six loci, 
near GPRC5B, MAP2K5-LBXCOR1, TNNI3K, LRRN6C, FLJ35779-
HMGCR and PRKD1, have not previously been associated with BMI 
or other obesity-related traits.

Stage 2 follow up identifies additional new loci for BMI
To identify additional BMI-associated loci and to validate the loci 
that reached genome-wide significance in the stage 1 analyses, we 
examined SNPs representing 42 independent loci (including the 19 
genome-wide significant loci) having a stage 1 P < 5 × 10−6. Variants 
were considered to be independent if the pair-wise linkage disequi-
librium (LD, r2) was less than 0.1 and if they were separated by at 
least 1 Mb. In stage 2, we examined these 42 SNPs in up to 125,931 
additional individuals (79,561 newly genotyped individuals from 16 
different studies and 46,370 individuals from 18 additional studies 
for which genome-wide association data were available; Table 1, 
Supplementary Note and Online Methods). In a joint analysis of 
stage 1 and stage 2 results, 32 of the 42 SNPs reached P < 5 × 10−8 
(Table 1, Supplementary Table 1 and Supplementary Figs. 1 and 2).  
Even after excluding SNPs within the 32 confirmed BMI loci, we still 
observed an excess of small P values compared to the distribution 
expected under the null hypothesis (Fig. 1b and Supplementary 
Fig. 3), suggesting that more BMI loci remain to be uncovered.

The 32 confirmed associations included all 19 loci with P < 5 × 10−8 
at stage 1, 12 additional new loci near RBJ-ADCY3-POMC, QPCTL-
GIPR, SLC39A8, TMEM160, FANCL, CADM2, LRP1B, PTBP2, MTIF3-
GTF3A, ZNF608, RPL27A-TUB and NUDT3-HMGA1 and one locus 
(in NRXN3) previously associated with waist circumference15 (Table 1,  
Supplementary Table 1 and Supplementary Figs. 1 and 2). In all, 
our study increased the number of loci robustly associated with BMI 
from 10 to 32. Four of the 22 new loci were previously associated  

Association analyses of 249,796 individuals reveal  
18 new loci associated with body mass index

Obesity is a major and increasingly prevalent risk factor for multiple 
disorders, including type 2 diabetes and cardiovascular disease1,2. 
Although lifestyle changes have driven its prevalence to epidemic 
proportions, heritability studies provide evidence for a substantial 
genetic contribution (with heritability estimates (h2) of ~40%–70%) 
to obesity risk3,4. BMI is an inexpensive, non-invasive measure of 
obesity that predicts the risk of related complications5. Identifying 
genetic determinants of BMI could lead to a better understanding of 
the biological basis of obesity.

Genome-wide association studies (GWAS) of BMI have previously 
identified ten loci with genome-wide significant (P < 5 × 10−8) asso-
ciations6–10 in or near FTO, MC4R, TMEM18, GNPDA2, BDNF, 
NEGR1, SH2B1, ETV5, MTCH2 and KCTD15. Many of these genes 
are expressed or known to act in the central nervous system, high-
lighting a likely neuronal component in the predisposition to obesity9. 
This pattern is consistent with results in animal models and studies 
of monogenic human obesity in which neuronal genes, particularly 
those expressed in the hypothalamus and involved in regulation of 
appetite or energy balance, are known to play a major role in suscep-
tibility to obesity11–13.

The ten previously identified loci account for only a small fraction 
of the variation in BMI. Furthermore, power calculations based on the 
effect sizes of established variants have suggested that increasing the 
sample size would likely lead to the discovery of additional variants9. 
To identify additional loci associated with BMI, we expanded the 
Genetic Investigation of Anthropometric Traits (GIANT) Consortium 
genome-wide association meta-analysis to include a total of 249,796 
individuals of European ancestry.

RESULTS
Stage 1 GWAS identifies new loci associated with BMI
We first conducted a meta-analysis of GWAS of BMI and ~2.8 million 
imputed or genotyped SNPs using data from 46 studies including 
up to 123,865 individuals (Online Methods, Supplementary 
Fig. 1 and Supplementary Note). This stage 1 analysis revealed 
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   If you want to predict 

how tall your children 
might one day be, a 
good bet would be to 

look in the mirror, and at 
your mate. Studies going 
back almost a century have 
estimated that height is 80–90% heritable. So 
if 29 centimetres separate the tallest 5% of a 
population from the shortest, then genetics 
would account for as many as 27 of them1.

This year, three groups of researchers2–4 
scoured the genomes of huge populations 
(the largest study4 looked at more than 30,000 
people) for genetic variants associated with the 
height differences. More than 40 turned up. 

But there was a problem: the variants had  
tiny effects. Altogether, they accounted for 
little more than 5% of height’s heritability — 
just 6 centimetres by the calculations above. 

Even though these genome-wide association 
studies (GWAS) turned up dozens of variants, 
they did “very little of the prediction that you 
would do just by asking people how tall their 
parents are”, says Joel Hirschhorn at the Broad 
Institute in Cambridge, Massachusetts, who 
led one of the studies3. 

Height isn’t the only trait in which genes 
have gone missing, nor is it the most impor-
tant. Studies looking at similarities between 
identical and fraternal twins estimate herit-
ability at more than 90% for autism5 and more 
than 80% for schizophrenia6. And genetics 
makes a major contribution to disorders such 
as obesity, diabetes and heart disease. GWAS, 
one of the most celebrated techniques of the 
past five years, promised to deliver many of 
the genes involved (see ‘Where’s the reward?’, 
page 20). And to some extent they have, iden-
tifying more than 400 genetic variants that 

contribute to a variety of traits and common 
diseases. But even when dozens of genes have 
been linked to a trait, both the individual 
and cumulative effects are disappointingly 
small and nowhere near enough to explain 
earlier estimates of heritability. “It is the big 
topic in the genetics of common disease right 
now,” says Francis Collins, former head of the 
National Human Genome Research Insti-
tute (NHGRI) in Bethesda, Maryland. The 
unexpected results left researchers at a point 
“where we all had to scratch our heads and 
say, ‘Huh?’”, he says.

Although flummoxed by this missing herit-
ability, geneticists remain optimistic that they 
can find more of it. “These are very early days, 
and there are things that are doable in the next 
year or two that may well explain another size-
able chunk of heritability,” says Hirschhorn. So 
where might it be hiding?

When scientists opened up the human genome, they expected to find the genetic components of 
common traits and diseases. But they were nowhere to be seen. Brendan Maher shines a light on 
six places where the missing loot could be stashed away.

The case of the missing heritability
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REVIEW

Five Years of GWAS Discovery

Peter M. Visscher,1,2,* Matthew A. Brown,1 Mark I. McCarthy,3,4 and Jian Yang5

The past five years have seenmany scientific and biological discov-

eries made through the experimental design of genome-wide asso-

ciation studies (GWASs). These studies were aimed at detecting

variants at genomic loci that are associated with complex traits

in the population and, in particular, at detecting associations

between common single-nucleotide polymorphisms (SNPs) and

common diseases such as heart disease, diabetes, auto-immune

diseases, and psychiatric disorders. We start by giving a number

of quotes from scientists and journalists about perceived problems

with GWASs. We will then briefly give the history of GWASs and

focus on the discoveries made through this experimental design,

what those discoveries tell us and do not tell us about the genetics

and biology of complex traits, and what immediate utility has

come out of these studies. Rather than giving an exhaustive review

of all reported findings for all diseases and other complex traits, we

focus on the results for auto-immune diseases and metabolic

diseases. We return to the perceived failure or disappointment

about GWASs in the concluding section.

Introduction: Have GWASs Been a Failure?
In the past five years, genome-wide association studies
(GWASs) have led to many scientific discoveries, and yet
at the same time, many people have pointed to various
problems and perceived failures of this experimental
design. Let us begin by considering a number of criticisms
that have been made against GWASs. We do not list these
quotes to discredit any of the scientists or journalists
involved, nor to deliberately cite them out of context.
Rather, they serve to confirm that the points we discuss
in this review are related to beliefs held by a significant
number of scientific commentators and therefore warrant
consideration.
From an interview with Sir Alec Jeffreys, ESHG Award

Lecturer 2010:

‘‘One of the great hopes for GWAS was that, in the
same way that huge numbers of Mendelian disorders
were pinned down at the DNA level and the gene
and mutations involved identified, it would be
possible to simply extrapolate from single gene disor-
ders to complex multigenic disorders. That really
hasn’t happened. Proponents will argue that it has
worked and that all sorts of fascinating genes that
predispose to or protect against diabetes or breast
cancer, for example, have been identified, but the
fact remains that the bulk of the heritability in these
conditions cannot be ascribed to loci that have

emerged from GWAS, which clearly isn’t going to
be the answer to everything.’’

From McCLellan and King, Cell 20101:

‘‘To date, genome-wide association studies (GWAS)
have published hundreds of common variants
whose allele frequencies are statistically correlated
with various illnesses and traits. However, the vast
majority of such variants have no established biolog-
ical relevance to disease or clinical utility for prog-
nosis or treatment.’’

‘‘An odds ratio of 3.0, or even of 2.0 depending on
population allele frequencies, would be robust to
such population stratification. However, odds ratios
of the magnitude generally detected by GWAS
(<1.5) can frequently be explained by cryptic popu-
lation stratification, regardless of the p value associ-
ated with them.’’

‘‘More generally, it is now clear that common risk
variants fail to explain the vast majority of genetic
heritability for any human disease, either individu-
ally or collectively (Manolio et al., 2009).’’

‘‘The general failure to confirm common risk vari-
ants is not due to a failure to carry out GWAS
properly. The problem is underlying biology, not
the operationalization of study design. The common
disease–common variant model has been the
primary focus of human genomics over the last
decade. Numerous international collaborative efforts
representing hundreds of important human diseases
and traits have been carried out with large well-char-
acterized cohorts of cases and controls. If common
alleles influenced common diseases, many would
have been found by now. The issue is not how to
develop still larger studies, or how to parse the data
still further, but rather whether the common
disease–common variant hypothesis has now been
tested and found not to apply to most complex
human diseases.’’

From Nicholas Wade in the New York Times, March 20
2011:

‘‘More common diseases, like cancer, are thought to
be caused by mutations in several genes, and finding
the causes was the principal goal of the $3 billion
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For most common diseases the sum of individual effects found so far

The Case of the Missing Heritability
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For most common diseases, the sum of individual effects found so far
is much less than the total estimated heritability
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